Summer learning loss has been widely studied in K-12 schooling, where the literature finds a range of results. This study provides the first evidence of summer learning loss in higher education. We analyze college students taking sequential courses with some students beginning the sequence in the fall semester and others in the spring. Those beginning in the fall experience a shorter break between the courses. We test whether the length of that gap explains the students' performance in the subsequent course. Initial results suggest that a longer gap is associated with lower grades. However, including student fixed effects eliminates the observed knowledge decay with a few exceptions: knowledge decay remains for students in language courses, for students with below-median SAT Math scores, and for students with majors outside STEM fields.
Introduction
The knowledge that students accumulate in a semester should prepare them for better performance in future coursework, particularly in closely related courses.
However, students typically retain only a portion of the material they learn. Estimates of how much they retain are mixed. claim that a majority of factual information is lost within the first year if there is not further relearning or reviewing, and most of that forgetting occurs within the first three months. Elementary and secondary school students may also suffer learning loss during the summer. The claim is that, while home from school, students forget academic material more quickly than when in school; this may be particularly true for lower income students (Alexander, Entwisle, and Olson, 2001 ) with less-enriching summer environments such as camps and lessons. Out of concern for summer learning loss, some K-12 schools have recently begun taking shorter breaks between terms, with mixed results (Cooper et al., 1996; Cooper et al., 2003) .
To date, the analysis of summer learning loss has been limited to K-12. We examine this possibility of knowledge decay in a previously unexamined group: college students. We analyze student performance in the second course of a collegiate twocourse sequence as a function of the time lapse between the two courses. When courses are sequenced, such as Spanish 101 and Spanish 102, students typically take the sequence in subsequent semesters. However, the semester in which a given student starts a sequence, fall or spring, determines the amount of time between these courses. Taking the first course in a two-course sequence in the fall means the follow-up course occurs in the spring semester, after a month-long winter break. When a student takes the first course in the spring semester but still enrolls in the second course one semester later during the fall semester, there is a longer, three-month break between the courses. We examine whether this longer break between courses affects the student's grade in the subsequent course.
We take advantage of a unique data set that allows us to look at detailed student-level variation. Utilizing 20 years of institutional data from Clemson University, we analyze records of students' entire academic careers. Since the typical college student completes multiple two-course sequences throughout a college career, we observe the same student's outcomes in multiple sequences with differences in the time between the courses. This within-student variation allows us to include student fixed effects and control for unobservable student traits that could be correlated with course scheduling choices.
OLS estimates suggest that longer gaps between the sequenced courses leads to knowledge decay that is measureable and statistically significant. However, this effect disappears with the inclusion of student-level fixed effects. Only one previous study (McMullen and Rouse, 2012) has been able to estimate knowledge decay both with and without student level fixed effects. Like them, we find that knowledge decay found in the baseline estimates are driven by student-level differences, not the time lapsed between the courses. We do find some situations where knowledge decay still exists with the inclusion of student level fixed effects: in language courses, for students who score below the sample median in SAT Math, and for students with majors outside of the STEM fields.
Background
The debate over knowledge decay has been concentrated in the K-12 literature.
Studies focus on the overall impact of summer vacations-the long annual break-on student learning. The decay in knowledge that happens over the break has been called the summer learning loss (Kneese, 2000; Cooper, et al., 2003) . Some studies have estimated that this loss is large: "the summer loss equaled about one month on a gradelevel equivalent scale, or one tenth of a standard deviation relative to spring test scores" (Cooper et al. 1996) . Several studies document declines in student test scores over the summer that are larger for disadvantaged and minority students (O'Brien, 1999; Burkam et al., 2003; Downey, Hippel, & Broh, 2004; Alexander, Entwisle, & Olson, 2007) .
The policy-relevant question in K-12 is whether an alternate school calendar would improve student outcomes. Both traditional school years and year-round schooling include the same number of educational days; the traditional school year, however, has a long summer break while year-round schooling schedules several short break periods throughout the year. The calendars differ in their length of breaks as well as in their length of continuous school days. Graves (2010 Graves ( , 2011 makes the point that if there is a difference between a year-round and a traditional school year it must be due to non-linearities in learning, in learning loss, or both. If the non-linearity is in the loss, then year-round schooling is better; if the non-linearity is instead in learning, then longer periods of continuous learning are better, and year-round schooling is worse.
Recent evidence using natural experiments suggests that year-round schooling is no better or may even be worse than a traditional calendar. Graves (2010) estimates that test scores fall when students are on a multi-track year-round calendar, a finding supported by the broader literature summarized in Graves, McMullen, and Rouse (2013) . Graves (2011) compares year-round schooling to a traditional school calendar using school-specific trends and finds that the largest drop in performance from yearround calendars is in Hispanics/Latinos and low SES students, the same students who other studies found to be likely to suffer summer learning loss. She remains unable to control for student-level unobservables as she does not observe the same student operating under both environments. However, McMullen and Rouse (2012) observe exactly that: they use a natural experiment in North Carolina with student fixed effects and find zero impact from year-round schools. Schools adopted year-round schooling in a mandatory and staggered manner reducing policy endogeneity concerns. Some of the within-student policy variation also stems from students switching schools, typically as they advance to middle school, to a school using a different schedule. In this case selfselection of students into different middle schools may be problematic. In either case, their identifying variation is always perfectly correlated with a student changing a school or with a school changing its policy, both of which could themselves be relevant predictors of student outcomes. Anderson and Walker (2013) revisit the same question on a smaller scale. Instead of thinking about summer-learning loss, they examine learning loss over the weekend. In particular, they look at whether having a four-day school week, as opposed to the traditional five-day week, impacts learning. Their study finds positive effects of the shorter week and longer break, suggesting that learning loss does not increase over an extra weekend day, and that positive learning non-linearities might exist within a school day.
Although the education research on summer breaks has focused on K-12 students, our study examines this question utilizing data from a sample of students in higher education. We estimate the impact of break lengths between courses in a sequence. We compare student performance over sequenced courses taken before and after the shorter winter or the longer summer break.
Our paper adds to the literature in two ways: first, it better measures how time affects knowledge decay because it allows for student fixed effects in an environment where the school and the school's scheduling policy remain constant throughout the sample. Only one previous study, McMullen and Rouse (2012) incorporates student fixed effects. A lingering concern in their study is that some schools may be more able to adapt successfully to the new schedule, and that the change in student learning is capturing otherwise unobserved traits of the school. Our study may provide a cleaner experiment because it examines students, all from one school, operating in environments that are identical. The variation in timing comes from whether the break between courses occurs over the winter or summer. Although the majority of the policy interest centers around K-12 education, no environment exists which can test for knowledge decay while holding constant both the school and the scheduling policy.
Second, we inform the narrower question of scheduling in college courses. By better understanding how the timing of courses taken can affect learning outcomes, we can help universities better advise students. Furthermore, we can help faculty better understand their students' level of preparation and maybe even consider whether the way that we teach sequenced courses might need to differ depending on whether they are taught spring-fall or fall-spring. We also separate the sample to examine whether the results vary by traits of the student or of the course.
Model and Data
Students take a variety of course sequences, for example the sequence of Spanish I and Spanish II, during their college tenure. We estimate the effect of the length of time between courses in a sequence on the student's grade in the second course. For student i taking an intermediate course in department j in semester t, after studying the introductory course k in period p, we estimate the following:
where W it is a matrix of student and course characteristics including the course level (100-, 200-, 300-, or 400-level course). We also include an indicator for whether the student took the prerequisite course more than once.
1 The department fixed effects, δ j , control for departmental differences in grading policies. Time dummies for the semester of the follow-on course account for time-varying grade differences such as universitywide grade inflation. Student fixed effects account for time-invariant characteristics of the student such as motivation, ability, socio-economic background, sex, and race.
We focus on β, the coefficient on the gap variable. Gap measures the months between the start of the first course to the start of the second course in a given course sequence. 2 For students taking the sequence in the fall and then the spring, this gap is five months; for students taking the sequence in the spring and then the fall, it is seven months. Students starting a course sequence in the spring experience a gap between courses that is two months longer. We expect these spring-fall students to experience more knowledge decay between courses, resulting in poorer performance in the follow-up course. The coefficient on gap will tell us, in terms of grade points in the subsequent course, how much knowledge is lost from delaying the subsequent course.
1 Tafreschi and Thiemann (2015) use a regression-discontinuity design to estimate that students who are required to repeat all of their first-year courses are more likely to drop-out, but also earn higher grades when they re-take a course. fall-spring or spring-fall. This includes 51,417 unique students. In addition to course grades, we observe individual characteristics for over 90 percent of the students with course sequences in the sample; these include the time-invariant characteristics of SAT score, race, sex, whether they are from South Carolina, and whether a family member attended Clemson. Table 1 summarizes the traits of the students with observed characteristics in our sample. Table 1 lists the course sequences used in our sample.
3 There are 10 observations with an age at entry to Clemson of 13 or less. We drop these observations from the sample. Course grades and gaps are similar for those students for whom we do not observe personal characteristics such as SAT scores, race, and sex. Personal characteristics of students included in the sample statistically differ from students not included in the sample. Appendix Table 3 displays the means for the two sets of students. Included students have slightly higher SAT scores, were slightly older when starting at Clemson, and are less likely to be in-state, male, or a legacy student. This suggests that the included students are somewhat stronger students than excluded students, likely due to weaker students' leaving Clemson more quickly or transferring credits in to satisfy one of the courses in the sequence. As the results will show, including stronger students makes it somewhat less likely we estimate effects of a gap on student grades.
Identification of the gap effect relies on within student variation in course timing and grades. On average, we observe each student in 4.4 course sequences; we observe two-thirds of the sample in four or more sequences. About half of the sample takes course sequences in both fall-spring and spring-fall. Appendix Table 2 student takes the higher numbered prerequisite course. For these course sequences, we define the initial course in a two-course sequence as the higher-numbered of the prerequisites.
Students may choose to delay taking the subsequent course. They might have a preference for a particular professor, a course may not fit in their schedule, or they want to wait because they found the material too easy or too difficult. This self-selection into the timing of the course sequence likely biases cross-sectional estimates of the gap effect.
Our inclusion of student fixed effects implies that any potential omitted variable must be a student trait that varies from one course pair to another. For example, suppose a student hates English but is required to take a two-course sequence. The same student loves biology and also takes a two-course sequence in biology. If the student's preference for biology leads him to take the biology courses closer together than the English courses, the smaller gap might capture his interest in the subject matter, biasing the estimates toward finding no effect. Alternatively, if the student takes the English courses closer together to 'get them over with', this biases the gap estimate upwards. To avoid this source of bias, in our main specifications we limit the sample to students who take the subsequent course in the earliest possible semester. It is also possible that faculty teach fall courses different than spring courses. Knowing that students have just come off long breaks, professors may spend more time reviewing prerequisite material in the fall. 6 To the extent instructors compensate for any knowledge decay, this biases our estimates towards finding no effect. We focus on students who follow a fall-spring or spring-fall course sequence. In later specifications, we present results where we relax this limitation and include the observations where the lag between the courses is longer.
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There are other predictors of a student's schedule: students who register late and fail to obtain their desired schedules, students who register for the wrong course, and students who spend a semester abroad. These predictors may correlate with individual traits that also affect one's grades such as responsibility, attentiveness, or curiosity. We mitigate the potential omitted variables bias from unobserved individual characteristics by including student fixed effects and limiting the sample to those who take the courses in the immediately following semester. Any remaining bias must arise from time-varying student characteristics that affect student grades and are related to their choosing some courses in a fall to spring order and other courses in a spring to fall order. For example, students may wait for a specific professor or students later in the college careers may sequence their courses more strategically. 8 If such a trait exists, and it is correlated with knowledge decay, then our estimate captures its impact. The regression in column (1) does not include student fixed effects. Instead, it includes the following time-invariant student characteristics: SAT Math score, age entering Clemson, and indicators for whether the student is from in-state, is male, has a family member at or from Clemson (is a legacy), and for race (the coefficients on the race dummies are not reported). 9 Here we find a statistically significant estimate of -0.0368 on the monthly gap between course start dates.
Results

Baseline Estimates
In column (2), we include student fixed effects and estimate the regression on the same sample as the regression in column (1). Given the student fixed effects, the variation comes from a student taking multiple sequences of different course pairs, some in the fall-spring and some in the spring-fall. The regression continues to control for whether the student took the prerequisite more than once (where, like before, the gap is measured since the more recent time the course was taken), department fixed effects, course-level dummies, and term dummies. Standard errors are again clustered by student.
The estimated effect of the gap in column (2) is negative, statistically insignificant, and small. When the same student takes courses under the two different 9 Legacy is included as a rough proxy for students that potentially have inside information, or the ability to get inside information, about the college process generally and Clemson specifically.
scheduling regimes, there is no significant difference between the student grades in the courses. The change in the estimate that results from including student fixed effects shows that most of the effect in column (1) is captured by time-invariant student traits.
The result concurs with findings in the work of McMullen and Rouse (2012) where the negative impact of a longer gap due to potential summer learning loss in K-12 disappears with the inclusion of student fixed effects, and suggests that the bulk of the estimates of summer learning loss are due to differences in selection into the treatment.
In Column (3) we present estimates from the same regression as in column (2) but including those students for whom we do not possess information on all of the student characteristics controlled for in column (1). These time-invariant characteristics are captured by the student fixed effects. In later specifications, we cut the sample in a variety of ways; the larger baseline sample allows for larger samples in later regressions.
A comparison of the estimates using this larger sample in column (3) to those in column (2) shows that the estimate in the larger sample is slightly larger in magnitude. Using the larger sample in the later regressions potentially biases the estimates towards finding a negative effect, making finding a negative estimate of knowledge decay easier than would the smaller sample.
In an ideal experiment we would observe a student taking the same course sequence more than once but with a different time gap between the courses. That experiment, though ideal in theory, is only observable for students who fail a course, and as a result are not representative of the typical student. Instead we compare the within-student, across-course differences in the time between courses, controlling for the course pair, as the best possible approximation to that perfect experiment. These results are presented in column (4) of Table 2 . Here, we add course-pair fixed effects to directly compare students that are taking the same course sequence. Again, the results are statistically insignificant although the point estimate is now positive.
Previous research on summer learning loss suggests that academically weaker students may experience more knowledge decay. Students with a less extensive knowledge base may struggle to recall previously learned information more than betterprepared students. We allow for this possibility by including an interaction term of the gap length and the grade the student received on the prerequisite course. Column (5) of Table 2 presents these results. In this specification the gap is positive and statistically significant and the interaction term is negative and statistically significant. The effects for each prerequisite grade are graphed in Figure 1 . Students who perform poorly in the prerequisite benefit from a longer gap; students who perform well in the prerequisite benefit from a shorter gap.
Overall, the estimates presented in Table 2 suggest that, on average, the length of time between courses has no impact on a student's grade once student-level fixed effects are included. With the inclusion of student fixed effects, the estimated knowledge decay is small, negative, and statistically insignificant. This effect differs by the student's grade in the first course. Students who earn higher grades in the prior course are more likely to earn a lower grade in the subsequent course when there is a longer gap between the courses; students who did worse in the prior course do better with longer gaps between courses. Although the mean effects are not statistically significant, different sub-groups appear to respond differently to the gaps they face in course taking.
To address these possible differences within groups, we stratify the sample in the next section.
Splitting the sample by student type
The results in Table 2 suggest that the gap between courses may be more important for some subgroups of students. We consider, in particular, students who are potentially more vulnerable to a longer gap. Table 3 presents these results.
We begin by splitting the sample by math SAT score. In columns (1) and (2) the estimates indicate that the gap is more harmful for students who are academically weaker. For students with below median SAT math scores, the gap matters: taking courses spring-fall instead of fall-spring is associated with a grade 0.2 points lower.
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The gap has no significant effect on above median SAT math scorers.
Clemson University is a land-grant college; about half of the students in our sample major in a STEM field. In columns (3) through (6) we separately examine the students who have registered as a STEM major at least at some point and those who have never registered as a STEM major. In columns (3) and (4) we include all courses in the sample. In columns (5) and (6) we only examine performance in courses in STEM fields. The gap in course sequence does not matter for those that are STEM majors, but has a significant, negative impact for those students who have never been a STEM major. The impact of gap for non-STEM majors is larger in STEM courses then it is for all courses; indicating that the gap seems to matter more for students outside of their chosen major.
Robustness
In Table 4 we separate the sample by the type of course. Dividing by course demands more of the data than does dividing by student characteristics. When stratifying by course type, identification relies on students taking more than one course 10 Dividing the sample by quartiles of SAT math scores leads to similar conclusions. The gap is more important for students scoring lowest quartile on the math SAT.
series of that type. In some cases, this is common. For example, in languages many students take the first four semesters of a language; science and engineering majors take many sequences in STEM fields. These course sequences also likely meet curricular requirements for these students.
We first consider these two types of subjects that make up the majority of our observations: languages and STEM courses. It could be that in some subjects, the second course depends a lot on the first course, while in others the knowledge in the first course is helpful but not essential. Languages seem to be one of the course sequences in the former group. In these courses, a delay in time between the first and second course has a significant and negative impact on the grade in the second course, even when including student fixed effects. 11 Interestingly, for sciences, this effect is reversed: longer gaps between courses in the sequence are associated with higher grades.
This result could be driven by similar knowledge being presented in multiple courses, helping students build on courses that are not formal pre-requisites. The result could also be driven by selection. Students in the sciences may be likely to switch majors after an unsuccessful attempt in an initial course than students in other majors.
We then split the data by the level of the subsequent course. Freshman-level courses and sophomore-level subsequent courses may be more closely tied to the material of the perquisite. We focus on course sequences ending in a 100-level (freshman) or a 200-level (sophomore) course. 100-and 200-level courses are also more likely to be required course sequences for a student's major. We find similar estimates among the 100-and 200-level courses as in the full sample (column 3). If we specifically target series numbered 101 and 102, typical course numbering for an introductory two-11 Clemson offered seven languages in our sample: American Sign Language, Chinese, German, Italian, Japanese, Russian, and Spanish.
semester sequence, the estimated effect of the gap is larger (-0.1) although statistically insignificant.
There are some course sequences where the prerequisite serves as a prerequisite for a variety of courses. So, for example, Chemical Engineering 211: Introduction to Chemical Engineering is a prerequisite for three courses: CH E 220 (Chemical Engineering Thermodynamics I), CH E 311 (Fluid Flow), and CH E 319 (Engineering Materials). We limit the course series to those where the prerequisite course serves as a prerequisite to only one follow-on course. We exclude courses sequences like the one above as they may reflect less direct connections to course content in the follow-on courses and reflect more a typical sequence of courses for the major. These courses are also slightly more likely to be taken out of order than courses that do not serve as a prerequisite for more than one course (1.9 percent of students taking courses with more than one follow-on course take the courses out of order; 1.6 percent of students taking courses with only one follow-on course take the courses out of order). Limiting the sample to those where we believe there is the clearest direct two-course sequence shows no significant impact on gap when looking at the courses that only have one follow-up course.
Students will occasionally take course sequences out of order; sequences students are allowed to take out of order likely rely less on the knowledge gained in the prerequisite. We estimate the effect of the gap for courses where most people take the courses in sequence. In column (6) we include only those courses where 10 percent or fewer students took the courses out of sequence; in column (7) where 5 percent or fewer students took the courses out of sequence. Those courses that have fewer students taking the course out of sequence continue to find no evidence of knowledge decay between semesters.
In Table 5 we expand the sample to include students taking a course sequence in timings other than the immediate fall-spring and spring-fall. For these specifications, we include time dummies for the semester in which the prerequisite course was taken.
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Column (1) includes sequences with gaps between zero and ten months. This incorporates students enrolling in summer school for one of the courses in the sequence.
Here we find a positive and significant estimate. Column (3) includes gaps between zero months and two years, column (3) includes all positive gaps, and column (4) includes all gaps, including negative ones. In columns (2) through (4) we continue to find a positive and significant, although small, impact of course delay on the grade in the subsequent course. Longer gaps could capture positive impacts due to students maturing or student learning in other courses that are not listed prerequisites. It could also be that as students advance in an academic career, they perform better in all their courses, even if the prerequisite course was taken a long time before. 13 Here we also find no evidence of knowledge decay.
A final concern could be that the quality of the professor or the teaching is different in the 'off' semesters. For instance, students may typically take the first two semesters of accounting in a fall/spring sequence (ACC 201 in fall and ACC 301 in spring). More sections of the course will be offered in the typical semester than the offsemester, limiting the choices of a student's professor and schedule. Part of our estimate may capture not a difference in grade due to a longer gap but rather traits that make the course more difficult. We address this concern by adding an indicator for the more typical course offering, either fall to spring or spring to fall. This indicator was 12 When only considering courses that immediately follow each other, the prerequisite course term dummies are perfectly collinear with the subsequent course term dummies. 13 Adding a variable for the number of credits the student has completed successfully does not significantly change the regression results.
interacted with the time gap between the two courses. We then include both these variables in regressions like those estimated previously to answer whether the effect of the gap is different if a course sequence is taken in the off-timed semester. These estimates, available upon request, show these variables have no significant impact.
Conclusion
Debate continues on the implications of school scheduling and its impact on student learning and learning loss, specifically over summer breaks. This paper provides the first evidence on learning loss in higher education. Students enroll in a variety of course sequences in college. Using administrative data from Clemson University, we focus on course sequences taken two semesters in a row, either fall-spring or spring-fall.
Sequences taken fall-spring offer a shorter gap between courses than do courses taken spring-fall.
In specifications controlling for time-invariant student characteristics, we appear to find evidence of a summer learning loss, also known as knowledge decay, at the college level. Because students who take multiple sequenced courses with different break lengths between them, we can include student fixed effects. The estimate of knowledge decay is sensitive to the inclusion of these student-level fixed effects. We find that, on average, grades are no different for sequences taken fall-spring instead of spring-fall. In addition to providing new evidence on knowledge decay in higher education, we confirm the importance of controlling for student fixed effects shown by McMullen and Rouse (2012) in elementary and middle school. Even with a wide set of controls, traits associated with longer delays may also be associated with lower grades.
Students with lower math SAT scores and students who never declare a STEM major at this land grant university experience knowledge decay in all their courses. Scheduling sequential courses fall-spring and encouraging academically weaker students to take subsequent courses closer to their prerequisites would improve these students' grades.
Language courses also evince knowledge decay; it is particularly important to sequence language courses closer together. These findings can be useful for students and advisors.
When students are choosing course schedules, priority should be given to lower-scoring students and to language courses to increase student success. These students should take these courses with as small a delay as possible between terms, and students who have a long summer between courses should participate in relearning and reviewing to compensate for the knowledge decay. All regressions include whether the student took the prerequisite more than once (gap is measured since the more recent course taking), department fixed effects, course-level dummies, and term dummies. In addition to the variables reported in column 1, column 1 contains indicators for whether the student belongs to one of 10 race categories. Columns (2)-(4) include student fixed effects. Column (4) additional includes dummies for each course-pair sequence. Robust standard errors clustered by student in parentheses. This sample only includes fall-spring and spring-fall (those courses immediately following each other). *** p<0.01, ** p<0.05, * p<0.1 All regressions include whether the student took the prereq more than once (gap is measured since the more recent course taking), department fixed effects, course-level dummies, term dummies, and student fixed effects. Robust standard errors clustered by student in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
